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Abstract
The Asian tiger mosquito, Aedes albopictus, is a highly invasive vector species. It is a proven
vector of dengue and chikungunya viruses, with the potential to host a further 24 arboviruses.
It has recently expanded its geographical range, threatening many countries in the Middle
East, Mediterranean, Europe and North America. Here, we investigate the theoretical limita-
tions of its range expansion by developing an environmentally-driven mathematical model of
its population dynamics. We focus on the temperate strain of Ae. albopictus and compile a
comprehensive literature-based database of physiological parameters. As a novel approach,
we link its population dynamics to globally-available environmental datasets by performing
inference on all parameters. We adopt a Bayesian approach using experimental data as
prior knowledge and the surveillance dataset of Emilia-Romagna, Italy, as evidence. The
model accounts for temperature, precipitation, human population density and photoperiod as
the main environmental drivers, and, in addition, incorporates the mechanism of diapause
and a simple breeding site model. Themodel demonstrates high predictive skill over the ref-
erence region and beyond, confirming most of the current reports of vector presence in
Europe. One of the main hypotheses derived from the model is the survival of Ae. albopictus
populations through harsh winter conditions. The model, constrained by the environmental
datasets, requires that either diapausing eggs or adult vectors have increased cold resis-
tance. The model also suggests that temperature and photoperiod control diapause initiation
and termination differentially. We demonstrate that it is possible to account for unobserved
properties and constraints, such as differences between laboratory and field conditions, to
derive reliable inferences on the environmental dependence of Ae. albopictus populations.
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Introduction
The tiger mosquito, Aedes albopictus, is an invasive species which poses health risks to humans
through its capacity to act as a disease vector. Since the 1980s, Ae. albopictus has been the fast-
est spreading invasive animal species in the world [1]. Originally described by Skuse in 1894, it
has been native to the Indian subcontinent and Southeast Asia [2], but has recently spread to
all continents except Antarctica [3, 4], out-competing and displacing other native mosquito
species [5–9].
Ae. albopictus demonstrates high flexibility in host biting preference; however, it has a strong
preference for humans, making it an effective human arbovirus vector [10–13]. Its contribution
to transmission of dengue (DENV) and chikungunya (CHIKV) viruses has been demonstrated
in the field, while its capacity to transmit around 24 additional arboviruses under laboratory
conditions has been also revealed [14, 15]. It has been the primary vector for CHIKV outbreaks
in the Indian Ocean region from 2005 to 2006, with over three million cases reported [16]. The
first occurrence of Ae. albopictus in Europe was reported in Albania in 1979 [17], and in 2007 it
caused a CHIKV epidemic in Italy, where over 200 cases were reported [18, 19].
Ae. albopictus has the ability to reproduce in natural cavities such as tree or rock holes, and
is rapidly adapting to domestic conditions [20]. Females can lay eggs in a wide variety of man-
made containers, which has enabled the exploitation of international transit systems, increas-
ing its invasive success and making humans partially responsible for its global translocation.
To date, international used tire and lucky bamboo trades have been identified as the main
means of Ae. albopictus transportation in temperate countries [2, 21].
In addition to its ecological plasticity, the temperate strain of Ae. albopictus, in contrast to
the ancestral tropical strain, has developed the ability to lay diapausing eggs [22–24]. These eggs
maintain a controlled dormant state, and have greatly improved reproductive success in colder
climate zones by increasing survival during harsh winter conditions [25–27]. Furthermore, the
poleward spreading of Ae. albopictus has been suggested to profit from climate change [28].
Understanding the dynamics and environmental dependency of vector-borne diseases is of
paramount importance for planning effective management strategies and minimising health
impacts of future disease outbreaks. Numerous research efforts have thus far focused on the
population dynamics of vectors and vector-borne diseases. Lunde and coworkers have recently
reviewed a range of models linking temperature to adult survival for the Afrotropical malaria
vector Anopheles gambiae[29], and developed a combined An. gambiae and An. arabiensis
(An. gambiae sibling species) population dynamics model [30]. Although a range of models
have been developed for Aedes aegypti since 1993 [31–34], until recently, population models
for Ae. albopictus did not exist. Nevertheless, many of the recent Ae. albopictusmodels exclude
explicit references to environmental conditions [35–40].
One of the most notable environmentally-driven Ae. albopictusmodels has been developed
by Erickson and coworkers in 2010 [41] and applied to predicting the suitability of the region
of Texas, USA, to dengue fever [42]. To the best of our knowledge, the current state-of-the-art
is represented by Tran et al. in 2013 [43] with a rainfall- and temperature-driven abundance
model specifically calibrated for the French Riviera, France.
Many of the environmentally-driven population dynamics models share a common limita-
tion. Although detailed accounts of carefully-planned laboratory experiments on key life-his-
tory traits exists, such as survival and development, parameters derived solely from these data
are not applicable to a larger domain. The main difficulty is to measure micro-environmental
conditions in potential habitats with an accuracy matching laboratory conditions.
Here, we aim to model Ae. albopictus population dynamics on a global scale. We adopt a
novel strategy where we infer new parameters, based on laboratory and surveillance data,
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which would be appropriate for use with globally available gridded environmental variables.
We regard each grid point, defined by environmental datasets, as a potential habitat, which
span a large area—typically between 25 and 50 km2 along the equator.
We create a comprehensive database of environmental dependency extracted from the liter-
ature, and construct a model of a typical breeding site, and a model of the mechanism of dia-
pause. We develop a deterministic stage- and age-structured population dynamics model
incorporating these processes and several other environmentally-driven parameters. We per-
form Bayesian inference over the time-resolved high-quality surveillance data from the Emilia-
Romagna region of Italy [44], and employ the laboratory-derived parameters as prior knowl-
edge. We demonstrate the predictive capacity of the model over the region of inference, and
argue that the approach makes modelling at large scales possible by comparing model predic-
tions with regional surveillance reports throughout Europe.
Methods
Environmental dependency
Large-scale meta-analyses require combining data, often troubled by missing observations,
obtained under various experimental configurations. Here, we combine data from sets of
related laboratory studies to develop functional relationships between certain life-history traits
and associated environmental variables. These relationships expressed in mathematical forms
reflect expert opinion, and will be incorporated into the population dynamics model (sec. Pop-
ulation dynamics model).
In S1 Table, we present a complete list of model parameters and environmentally-driven
life-history traits, along with fitted functional forms, data and references. As an overview, we
studied daily survival probabilities, development rates and fecundity over a wide range of envi-
ronmental conditions, and identified temperature as a key driver. Rainfall and human activities
influence Ae. albopictus populations mainly by changing the properties of potential breeding
sites. Data on the effects of relative humidity (RH) were limited, with an added difficulty of the
strong temperature dependence of RH.
We interpolated missing observations by fitting appropriate functional forms to the data.
We chose second degree polynomials for development times, fecundity and the time from
emergence to first blood meal. We described diapausing egg survival with a linear equation,
and the daily survival of non-diapausing eggs, larvae, pupae and adults with two-sided sigmoi-
dal functions. We found that these were appropriate for delineating temperature boundaries
on survival. Data were particularly limited for adult survival in extreme temperatures. For this,
we assumed a lower limit of −3°C [45] and a higher limit of 37.5°C [46] with a standard devia-
tion of 1°C in each case.
We defined development, d1. . .3, and survival of immature stages, p1. . .3, as functions of
water temperature, Tw, and defined adult survival, p4, and female fecundity, F4, as functions of
air temperature, Ta. We assumed a linear relationship between Ta and Tw where Tw = Ta − ΔT.
The gridded environmental datasets often cover a large area and comprise daily averages (see
section Environmental data); therefore, prior to calibration with surveillance data, we assumed
no difference between Ta and Tw, and set ΔT = 0 with a standard deviation of 3°C. This assump-
tion accounts for the previous assumptions of Δt, which have been around 3–6°C [47–49].
Temperature-dependent development times for eggs, larvae and pupae, and temperature-
dependent time to first blood meal for nulliparous females were reported under roughly com-
parable experimental conditions. We derived temperature-dependent daily survival of adults
from the reports of daily mortality and average adult life expectancy assuming fixed daily mor-
tality. Temperature-dependent survival of eggs, larvae and pupae were reported mostly in
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terms of total survival over the duration of each life stage. In order to calculate daily survival,
we estimated the duration of each stage from the best-fitting curves, and assumed fixed daily
mortality under relatively stable environmental conditions. We estimated temperature-depen-
dent fecundity from the reports of total eggs per female in a lifetime. Accordingly, we estimated
lifespan from the best-fitting curves of adult survival, and calculated the number of eggs laid
daily. We reserve the discussion of density-dependence and diapause to the following sections
due to their complexity.
For each group of data and associated functional forms, we performed curve-fitting using
non-linear least-squares regression. We defined multivariate Gaussian distributions for the
parameter set of each functional form. These distributions represents our best estimates of pos-
sible values and variabilities in these parameters. In Bayesian terms, these are called prior dis-
tributions as they assign probabilities for parameter values prior to comparing model output
with observed surveillance data. For certain parameters for which explicit experimental data
was not available, we assigned appropriate distributions and boundaries and relied on the infer-
ence process to arrive at the best estimates.
Model of the breeding site
We begin describing the model by first developing a model for the habitat where Ae. albopictus
populations are presumed to live and breed. In the scope of this work, we assume that a specific
vector population is confined to an isolated territory of a predefined size. Given the availability
and type of surveillance data, such a territory could be as small as the locality of a trap or as
large as the area represented by a grid cell of an environmental dataset. Since we used surveil-
lance data to calibrate model parameters, the model became adapted to describing populations
restricted to the habitat represented by the surveillance data. As Ae. albopictus tend to have a
short flight range within several hundred meters and stay close to the ground [20], we assumed
that the effect of migration is negligible for an area this large.
Within such a territory, which we refer to as a breeding site, we expect to have various con-
tainers, cavities or similar concave structures capable of hosting immature stages of the vector.
We assumed that such breeders are randomly distributed throughout the breeding site, and,
for the sake of simplicity, are similar in structure and habitability.
Whether a breeder is habitable or not depends on many environmental factors, including
the surface area of the water it holds and nutrients it provides for larvae and pupae. Here, we
used the term carrying capacity as a relative measure of breeder habitability.
Rainfall has a strong influence on carrying capacity; however, unlike the ancestral strains liv-
ing in tree-holes, modern Ae. albopictus often breed in human-made water sources independent
of rainfall [15]. Prompted by this, we modelled daily changes in carrying capacity, throughout a
breeding site, as a function of daily average precipitation and human population density:
Btþ1 ¼ apdens pdens þ adprec dprect þ aevap Bt; ð1Þ
where Bt represents carrying capacity on day t, pdens is the human population density, and dprect
is the average precipitation on day t. The scaling factors αpdens and αdprec weigh relative contribu-
tions of population density and precipitation, respectively. Finally, αevap is the ratio of the capac-
ity retained daily despite evaporation and absorption. Although it is possible to accommodate
the effect of changing human activity, due to limitations in environmental datasets and the
availability of data for validation, here, we incorporated a ﬁxed human inﬂuence as a ﬁrst
approximation.
Eq 1 is equivalent to the unscaled version of Eq 10 in White et al.[50] and Eq 6 in Christian-
sen-Jucht et al.[51] where only daily average precipitation is used as a factor (see S1 Text for a
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derivation). The scaled version calculates average, not aggregate, effects of recent rainfall
events, and, thus, limits the amount of capacity transferrable to the subsequent day. We argue
that the scaled version is more realistic given the limited availability of breeders in a breeding
site. As a result, we modelled carrying capacity in terms of average precipitation and human
activities weighed by an exponential distribution with mean −1/ln αevap days,
Kt ¼
1 aevap
1 atevap
Bt: ð2Þ
This is a simple, yet generic, model capable of accounting for a range of environmental vari-
ables influencing a typical breeding site. It can be applied to different habitats and climatic con-
ditions as an informative first approximation. It can, of course, be elaborated upon and tailored
for a specific region given data availability.
Model of diapause
Adult females of temperate Ae. albopictus are able to lay diapausing eggs which could preserve
their state as pharate first instar larvae. Diapausing and non-diapausing eggs have similar abilities
to withstand the cold—Thomas and coworkers reported in 2012 a difference of only 1 or 2°C in
their lowest temperature of survival [52]. However, the main advantage of diapausing seems to
protect the vulnerable life stages, such as larva and pupa, against harsh winter conditions [53].
Literature on the precise nature and factors regulating this behaviour is limited, however,
low temperature and short day length, i.e. photoperiod, have been associated with the induc-
tion of egg diapause [20, 53–55]. The photoperiod threshold below which diapause is induced
in 50% of a population is called the critical photoperiod (CPP) [56]. Diapausing eggs produced
in such conditions depend mainly on photoperiod and temperature to hatch—Mori and
coworkers showed in 1981 that an increase in temperature alone would not be sufficient to trig-
ger hatching [53].
In order to model this behaviour, we considered two seasons, a favourable and an unfavour-
able season, delineated by the entry to and exit from diapause. In the favourable season, an
adult female Ae. albopictus lays normal eggs, which will hatch and follow up the developmental
stages as expected. In the unfavourable season, however, she produces diapausing eggs, which
will cease development until the arrival of the favourable season.
To mark the beginning of the unfavourable season, we imposed a threshold on both temper-
ature, Tcrt, and photoperiod, CPP. We assumed that neither of these factors alone will trigger
diapause—a case which results in the production of normal, non-diapausing, eggs. When the
days are short and the temperature is low, females begin to produce eggs to become diapausing
eggs. We assumed that these are initially identical to non-diapausing eggs, but they refrain
from hatching, and become diapausing, at the end of their development. To keep track of these
eggs in the model, we referred to them as tagged eggs, Egg, separately from diapausing (Egg°)
and non-diapausing (Egg) eggs.
We further assumed that females would not suddenly switch from producing normal eggs to
tagged eggs, but increasingly more eggs would be tagged and, therefore, destined to diapause.
The daily production of tagged eggs per adult female can be defined as the daily average number
of eggs laid by a female (fecundity), F4, multiplied by the fraction of tagged eggs, pdp. In essence,
F4  pdp; where pdp ¼ minf1; ð1þ t  tdpÞpsg:
In this equation, tdp corresponds to the day the unfavourable season begins and ps represents
the initial fraction of tagged eggs. According to this, the fraction of tagged eggs laid on day tdp is
ps, and this increases by ps every day until only tagged eggs are laid, i.e. until pdp reaches unity.
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We also employed a gradual transformation for hatching. We assumed that, once the day
length and temperature both increase above their respective thresholds, the daily fraction of
diapausing eggs entering developmental cycle is pn. As a result, instead of forcing a sharp syn-
chronised switch between the states of diapause and non-diapause, we enabled gradual trans-
formations, and let the rates be enforced by data.
Population dynamics model
We developed a deterministic stage- and age-structured discrete-time model for the population
dynamics of Ae. albopictus. The model is influenced by the environmentally-driven population
dynamics model of An. gambiae, which was developed in Parham et al. 2012 [49]. The original
model successfully compiles a variety of environmental dependencies in a stage-structured, dis-
crete-time model with daily time-steps. Daily time-steps enable a straightforward interpreta-
tion of experimental work and field observations collected on daily basis.
While retaining the original framework, we substantially revised the model to describe the
four major developmental stages, eggs, larvae, pupae and adults, while employing a more realis-
tic age-structured developmental process. We modelled temperature-dependence of survival,
development rate and female fecundity, and also accounted for the diapausing behaviour and
environmental-dependence of the carrying capacity.
The revised set of equations comprises a total of 48 parameters and 7 dynamically changing
variables. We implemented the model in ANSI C and developed a Python (v2.7) interface for
running it. The code and related material are available as a Python package called albopic-
tus, which is given in S1 File. Installation and usage instructions are given in S2 Text.
The original model of Parham and coworkers employed a projection matrix for three types
of life-events: fecundity, survival and development [49]. Daily average values of these events
were estimated to calculate the state of the population in the subsequent day. Here, we adopted
a similar approach, but, treated development separately by introducing an age-structured
developmental process for the immature stages. In addition to the different egg stages described
above, we included larvae (Larva), pupae (Pupa), naive females (Naive: nulliparous adult
females that have yet to acquire a blood meal) and parous adult females (Adult) in the model.
The resulting model of Ae. albopictus life-cycle can be summarised as
ntþ1 ¼ Gðn; tÞ þMðn; tÞ  nt; ð3Þ
where nt ¼ ðEggt;Eggt ;Egg0t ; Larvat;Pupat;Naivet;AdulttÞ,M(n, t) is the projection matrix,
and the vector G(n, t) represents the developmental processes. A graphical representation of
the model can be seen in Fig 1.
Modelling development. We assumed that under fixed environmental conditions, devel-
opment time for an immature stage is fixed. For instance, if the expected duration of develop-
ment of a non-diapausing egg is d days, 1/d of this process will be completed each day for a
batch of eggs laid on the same day. After d days, the number of eggs completing their develop-
ment, Eggdev, will be
Eggdev ¼ Egg0  pd;
where Egg0 is the number of eggs at the beginning and p is daily survival probability. Under
variable environmental conditions with ﬁxed development time, this equation becomes
Eggdev ¼ Egg0
Yd
t¼1
pt;
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where pt is the daily survival for day t. However, the development time is also variable from day
to day under changing environmental conditions. Hence, the total development time, dtotal,
can be calculated in terms of the minimum number of days required for the sum of daily frac-
tions of development, 1/dt, to exceed 1,
dtotal ¼ inf n 2 Nþ :
Xn
t¼1
1=dt  1
( )
;
where inf stands for inﬁmum, i.e. the greatest lower bound, and N+ represents the set of posi-
tive integers. Replacing d with dtotal, we can write Eggdev as
Eggdev ¼ Egg0
Ydtotal
t¼1
pt:
According to this process, no eggs are allowed to progress onto the subsequent stage until
dtotal days have passed, which ensures that eggs develop in a delayed fashion with regards to
their daily development rates and survival probabilities.
We implemented a similar process for all types of normal eggs, larvae, pupae and naive
females, and defined G(n, t) as
Gðn; tÞ ¼
Eggdev
Eggdev
Eggdev
Eggdev  Larvadev
Larvadev  Pupadev
1
2
Pupadev  Naivedev
Naivedev
2
66666666666666666664
3
77777777777777777775
: ð4Þ
Fig 1. The stage- and age-structured time-difference equationsmodel of Ae. albopictus.
doi:10.1371/journal.pone.0149282.g001
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According to this equation, upon completing their development, tagged eggs become dia-
pausing, non-diapausing eggs become larvae, larvae become pupae, half of pupae become naive
females and these, in turn, become adults.
Here, we exclusively considered adult females as only they obtain blood meal and pose a
threat to humans. We assume a sex ratio of 1:1 [46] and simplify different phases of the air-
borne stage to nulliparous and parous females. We assumed that once sufficient time to first
blood meal passes, i.e. the development time for naive females, tbm, the adult stage commences.
We assumed that, during the adult stage, survival is independent of age, egg laying is daily and
females have regular access to males and blood meals.
We note here that although we employed the assumption of age-independent mortality for
all life-stages, the developmental process as described allows one to relax this assumption in a
straightforward manner for future enhancements of the model.
We also note that observing the effects of carrying capacity on Ae. albopictus populations is
not straightforward, mainly because there is not a standard method of calculating it for differ-
ent experimental setups. Instead, contributing factors are often reported. For instance, many
studies suggest a trend of increase in development times for immature stages as a result of
increased vector density or decreased food ration [57–60].
Here, we focus on two studies where the authors reported combined effects of multiple fac-
tors. Briegel et al. in 2001 investigated the effects of an increase in larval density and tempera-
ture on development times [58]. Gavotte et al. in 2009 reported a density-dependent increase
in development times and decrease in the survival of immature stages in a single study [60].
Although these results are not directly comparable, because carrying capacity is a limiting fac-
tor in both of them, it is possible to use them to incorporate temperature-dependence into a
density-dependent development model.
In order to do this, we defined a temperature-dependent polynomial function,
tðTwÞ ¼ aa þ ab Tw þ ac T2w;
with three parameters, αa  c, which describes the increase in development times as density
increases as reported in Briegel et al., 2001. In addition, we deﬁned a power function to model
the density-dependent increase in development times at 28°C based on the data from Gavotte
et al., 2009.
As a consequence, we hypothesised that the combined effect of density and temperature can
be written as
d23ðmt;TwÞ ¼ ad mae tðTwÞt ;
with two parameters, αd and αe, where d23(μt, Tw) represents the fractional change in both d2
and d3, and μt represents the density of immature stages at time t as reported in Gavotte et al.,
2009. By assuming that container volume is proportional to carrying capacity,K, we deﬁned
mt ¼ ðLarvat þ PupatÞ=Kt . For studies where density is not a limiting factor, we assumed μ
0, and enforced the minimum value of d23(μt, Tw) to be 1, meaning that in these cases, develop-
ment times are determined only by temperature, i.e. d2(Tw) and d3(Tw). As in the previous sec-
tion, we deﬁned a prior distribution for density-related parameters by performing curve-ﬁtting
with non-linear least-squares regression (see S1 Table). In S1 Fig, we present the agreement
between observed and predicted development times.
Modelling survival. In addition to development, we modelled survival and fecundity
using a projection matrix. We assumed that each day a fraction of each life stage survives and a
new batch of eggs are laid. We described survival probabilities for diapausing eggs with p0,
AMathematical Model of the Aedes albopictus Population Dynamics
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tagged and non-diapausing eggs with p1, larvae with p2, pupae with p3, and naives and adults
with p4. We also described daily average fecundity with F4.
We considered density-dependent survival of immature stages and represented this with
pLD. In the absence of detailed records, we assumed that the effects of density and temperature
on survival are independent resulting in p2 = p2(Tw)pLD and p3 = p3(Tw)pLD.
In summary, the dependence of survival, development times, fecundity and time to first
blood meal can be listed as follows.
p0 ¼ p0ðTaÞ F4 ¼ F4ðTaÞ
p1 ¼ p1ðTwÞ d1 ¼ d1ðTwÞ
p2 ¼ p2ðTwÞ pLDðmtÞ d2 ¼ d2ðTwÞ d23ðmt;TwÞ
p3 ¼ p3ðTwÞ pLDðmtÞ d3 ¼ d3ðTwÞ d23ðmt;TwÞ
p4 ¼ p4ðTaÞ tbm ¼ tbmðTaÞ:
The projection matrix,M(n, t), describing these processes can be written as
Mðn; tÞ ¼
p1 0 0 0 0 0 ð1 I unfavpdpÞ F4
0 p1 0 0 0 0 I unfav pdp F4
0 0 I fav ð1 pnÞ 0 0 0 0
0 0 I favpn p2 0 0 0
0 0 0 0 p3 0 0
0 0 0 0 0 p4 0
0 0 0 0 0 0 p4
2
6666666666666666664
3
7777777777777777775
;
where I fav and I unfav are indicator functions signalling the initiation and termination of dia-
pause
I fav ¼
1 if Ta  Tcrt and photoperiod  CPP
0 otherwise
(
and
I unfav ¼
1 if Ta < Tcrt and photoperiod < CPP
0 otherwise
:
(
In the model, diapausing initiates only when both temperature and photoperiod fall below
their respective thresholds. If one or both of them are above threshold only non-diapausing
eggs are laid. Diapausing eggs hatch if and only if both temperature and photoperiod are above
threshold. In S2 Fig, we present a diagram depicting the roles of I fav and I unfav in making this
decision.
AMathematical Model of the Aedes albopictus Population Dynamics
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The resulting time-difference equations can be written as
Eggtþ1 ¼ Eggdev þ p1Eggt þ ð1 I unfavpdpÞ F4 Adultt
Eggtþ1 ¼ Eggdev þ p1Eggt þ I unfav pdp F4 Adultt
Egg0tþ1 ¼ Eggdev þ I fav ð1 pnÞEgg0t
Larvatþ1 ¼ Eggdev  Larvadev þ I favpn Egg0t þ p2Larvat
Pupatþ1 ¼ Larvadev þ Pupadev þ p3Pupat
Naivetþ1 ¼
1
2
Pupadev  Naivedev þ p4Naivet
Adulttþ1 ¼ Naivedev þ p4Adultt:
Environmental data
We extracted daily average air temperature, 2 m above ground (t2m), and daily precipitation
from the gridded climate dataset (E-OBS) of the EU-FP6 project ENSEMBLES [61]. This data-
set has a resolution of 0.25°, corresponding to approximately 25 km between grid points along
the equator. It covers Europe, the Mediterranean region and the north-west of the Middle East.
We employed the UN-adjusted “Gridded Population of the World: Future Estimates”
(GPWFE) dataset [62] with matching resolution for 2010 as the source of human population
density. We also applied a land/water mask based on ISLSCP2 [63] selecting all grid points
with more than 1% land coverage or with non-zero human population density for analysis.
We note that, due to the difficulty of distinguishing different types of precipitation in glob-
ally-available gridded environmental data sources, we treated all precipitation events as
rainfall.
Finally, we used the “geosphere” package of R (v3.1.1) to calculate photoperiod for any
given latitude and date.
Parameter inference
We employed the Ae. albopictus surveillance data from the Public Health Service, Emilia-
Romagna [44]. This includes summary statistics of biweekly ovitrap collections during May-
October from 2008 to 2012, inclusive, covering 7 provinces of the region: Bologna, Ferrara,
Modena, Piacenza, Parma, Ravenna and Reggio Emilia. Ovitraps were distributed exclusively
over urbanised areas because of their relevance for public health risk assessment (see Fig 1 in
Albieri et al. 2010 [64]). We chose this unique dataset for parameter inference because of the
abundance, reliability and frequency of the collections.
In order to perform the inference, we adopted a scenario where Ae. albopictus is introduced
to a region in winter with a certain number of diapausing eggs. We allowed the eggs to initiate
and establish a vector population for a year, during 2007, and compared estimated and
observed egg counts from 2008 until the end of 2012.
We assumed that the magnitude of the average egg count per ovitrap is distributed normally
with mean δr,ω and standard deviation σr,ω for province r, where ω represents the two weeks
prior to data collection. We employed the reported means and used standard error of the mean
as an estimate of variability in the observed means. We also assumed a weak time-dependence
where the difference between consecutive observations is distributed normally with mean δr,ω −
δr,ω0 and standard deviation s0r;o, where ω
0 indicates the previous observation. We assigned s0r;o
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the pooled standard error of the mean,
s0r;o ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
nr;o
þ 1
nr;o0
 !
nr;oðnr;o  1Þs2r;o þ nr;o0 ðnr;o0  1Þs2r;o0
nr;o þ nr;o0  2
 !vuut ;
where nr,ω is the number of ovitraps in province r during ω. For simplicity, we assumed that only
consecutive observations are correlated, and grouped them for each year. As a consequence, the
initial ω for each year corresponds to the second data point at the beginning of each surveillance
period.
As a result, we defined the probability of observing on average δr,ω eggs per ovitrap for prov-
ince r during ω as
PrðdjyÞ ¼
Y
r
Y
o
1
sr;o
ﬃﬃﬃﬃﬃ
2p
p exp  1
2
dr;o  yðr;o; yÞ
sr;o
 !2( )

Y
r
Y
o
1
s0r;o
ﬃﬃﬃﬃﬃ
2p
p exp  1
2
ðdr;o  dr;o0 Þ  ðyðr;o; yÞ  yðr;o0; yÞÞ
s0r;o
 !2( )
;
where y(r, ω, θ) refers to simulated data for the corresponding data point performed with a
parameter vector, θ, of size 48, which comprises all the parameters listed in S1 Table.
In order to generate simulated data, we selected a set of grid points for each province over-
lapping with the regions of high ovitrap density (see S3 Fig). For each grid point, we simulated
the sum of all eggs laid, i.e. non-diapausing, tagged and diapausing eggs, during two weeks
prior to each data collection. The average value corresponds to y(r, ω, θ) in comparison to the
observation δr,ω.
We performed Bayesian inference to arrive at a set of parameter vectors with high probabili-
ties given the observations and prior knowledge. The posterior probability of a parameter vec-
tor, Pr(θ|δ), is proportional to the likelihood of simulating the data with the model and θ, Pr(δ|
θ), and the prior probability assigned to θ, Pr(θ),
Pr ðyjdÞ / Pr ðdjyÞ Pr ðyÞ:
We used the adaptive basin-hopping Markov chain Monte Carlo (MCMC) algorithm,
implemented in the hoppMCMC package of python (v2.7), to sample a set of high-probability
parameter vectors from the posterior distribution [65]. The algorithm employs a variable
acceptance probability to jump between two high-probability regions of a posterior distribu-
tion. The acceptance probability is defined as
Pr ðy; y0;TÞ ¼ min 1; exp f ðyÞ  f ðy
0Þ
Tann
  
; ð5Þ
where f(θ) is the objective function and θ and θ0 are current and proposed parameter vectors,
respectively. The annealing temperature, Tann, is used to regulate tolerance similar to simulated
annealing [66].
We employed an objective function which is half the square of the Mahalanobis distance
between the data and simulations,
f ðyÞ ¼ 1
2
ðx  mÞTS1ðx  mÞ; ð6Þ
where μ represents an expectation either for a parmeter value or a surveillance data point, x is
the corresponding observation, S is the covariance matrix for all μ and T indicates matrix
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transpose. Since f(θ) is proportional to −lnPr(θ|δ), Eq 5 yields the Metropolis-Hastings accep-
tance criterion when Tann = 1. In essence, when used with Eq 6, Tann acts as a scaling factor for
covariance.
Following the identification of a set of high-probability parameter vectors, we iterated inde-
pendent MCMC chains with these vectors with a fixed annealing temperature, Tann = 10, to
sample 100 parameter vectors for each. Each of these 100 vectors belongs to a posterior mode,
which will be discussed in the next section.
Results and Discussion
Evaluation of the inference over Emilia-Romagna
Since a change in parameter values results in a change in model output, as one moves further
away from the proximity of a parameter setting, model behaviour can change dramatically, and
this may result in bifurcations. A complex system with many parameters is likely to possess
various types of behaviour each characterised by a different parameter setting. In this context,
we define a posterior mode, Θ, to be a set of relatively higher-probability parameter values sep-
arated from their surroundings by a set of relatively lower-probability parameter values. Each
posterior mode is associated with a similar behaviour, which may be unique to that mode or
shared among different modes regardless of the degree of separation between them.
Using the Bayes’ theorem, we see that the marginal probability of a particular mode is pro-
portional to its prior probability, Pr(Θ), multiplied by the expected value of the likelihood with
respect to the prior,
Pr ðYjdÞ / R Pr ðdjy;YÞPr ðyjYÞPrðYÞdy:
Since we do not set a prior preference for any posterior mode, Pr(Θ) is a constant. The prior
probability, Pr(θ|Θ), and the likelihood of each parameter, Pr(δ|θ, Θ), regardless of which pos-
terior mode θ belongs to, is as defined in the Methods (sec. Parameter inference). Given a set of
posterior modes, S, and a set of parameters sampled from the modes, Pr(Θ|δ) can be estimated
using importance sampling,
Pr ðYjdÞ ¼ C 1
NY
XNY
i¼1
Pr ðdjy;YÞPr ðyjYÞ
Pr ðyjSÞ
¼ C0 1
NY
XNY
i¼1
Pr ðyjd;YÞ
Pr ðyjSÞ
¼ C00 1
NY
XNY
i¼1
1
Pr ðyjSÞ e
f ðyÞ;
where NΘ is the number of samples in Θ, f(θ) is the objective function (Eq 6) and Pr ðyjSÞ is
the probability of sampling θ from S. In this equation, C, C0 and C00, are normalising constants:
C00 ¼ 1P
Y2S
1
NY
PNY
i¼1
1
Pr ðyjSÞ e
f ðyÞ :
Since we used experimental data from the literature and environmental variables from
gridded datasets, and modeled Ae. albopictus populations at a scale of about 25 km2 per grid
location, it is unlikely to obtain a perfect match to both the surveillance data and the prior
expectations. In order to overcome the numerical problems associated with low probabilities,
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we employed a scaling factor, Ttol, for the standard deviation of the objective function,
Pr ðYjd;TtolÞ /
1
NY
XNY
i¼1
1
Pr ðyjSÞ e
f ðyÞ=Ttol : ð7Þ
Effectively, Ttol is comparable to the annealing temperature, Tann, in Eq 5, as it regulates tol-
erance among the set of posterior modes. The ratio of the probabilities of two posterior modes
when Ttol = 1 is equivalent to the Bayes factor [67], which is used to quantify evidence between
two competing models.
Using the hoppMCMC algorithm [65], we identified a set of posterior modes,
S ¼ fY1 . . .Y3g, closely matching the Emilia-Romagna surveillance data under the restric-
tions imposed by data collected from the literature. We assessed the relative support (Eq 7) for
each of these modes for a range of Ttol. In Fig 2, we see that Θ1 performs consistently better
than the others. Although high Ttol results in a decline in discriminating ability, there is strong
evidence for Θ1 at low tolerances.
Fig 2. Relative support for the inferred higher-probability posterior modes. Expected posterior probabilities of the selected modes, S ¼ fY1 . . .Y3g, are
shown against a range of tolerance values, Ttol.
doi:10.1371/journal.pone.0149282.g002
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In order to quantify the correlation between the simulations and the surveillance data, we
calculated expected model output,
yðr;o;YÞ ¼ 1
NY
XNY
i¼1
yðr;o;YiÞ; ð8Þ
where y(r, ω, Θi) is a simulation performed with the i
th parameter vector of Θ (see Methods).
We obtained a signiﬁcant association between data and simulations in each province with Θ1
and Θ2, and the overall association was highly signiﬁcant with all posterior modes (Table 1). In
addition, the model slightly underestimated egg counts with any of the posterior modes. On
average, we obtained a residual of 69.5, 67.4 and 78.9 with Θ1, Θ2 and Θ3, respectively.
It is important to note that we made no additional effort to distinguish between the prov-
inces or the mosquito high-seasons other than utilising the four types of environmental vari-
ables: photoperiod, daily average temperature, daily precipitation and human population
density. In Fig 3, we present a comparison of the surveillance data and the simulations with Θ1
(see S4 Fig for the other modes). The figure demonstrates the strong predictive ability of the
model through five mosquito high-seasons and for all provinces despite being simulated with
the same initial conditions and the same parameters.
The figure shows an apparent separation between the first two and the last three years of the
surveillance data. This is especially evident in Piacenza, Parma and Reggio Emilia in Figs 3b, 3d
and 3f, respectively, where the egg counts were higher at first, but lower in the final three sea-
sons. This could be a discrepancy due to some environmental dependency which we have yet
to capture and incorporate into the model. Alternatively, this could be due to some hidden fac-
tors interfering with the data quality, which are currently under investigation [68].
Sensitivity to parameters and environmental conditions
By investigating the variability and common features within and between posterior modes, it is
possible to identify the adaptations required to simulate Ae. albopictus population dynamics on
a large scale with gridded environmental variables. Differences between prior and posterior
probabilities could also serve to validate model assumptions and provide useful information
for model improvement.
Firstly, we analysed parameter sensitivity as described in Gutenkunst (2007) [69] and Ergu-
ler and Stumpf (2011) [70]. Given y^ as the parameter maximising a posterior mode, we
Table 1. Agreement between the observation and the simulations. Pearson correlation coefficients (ρ)
are presented with p-values adjusted with Benjamini & Hochberg multiple test correction.
Province Θ1 Θ2 Θ3
Bologna 0.881* 0.883* 0.846*
Ferrara 0.629* 0.659* 0.583*
Modena 0.786* 0.795* 0.719*
Piacenza 0.746* 0.314+ 0.144
Parma 0.607* 0.539* 0.346+
Ravenna 0.505* 0.499* 0.562*
Reggio Emilia 0.744* 0.498* 0.399+
All data points 0.690* 0.627* 0.582*
+: p < 0.05,
*: p < 0.001.
doi:10.1371/journal.pone.0149282.t001
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approximated the posterior with a multivariate Gaussian around y^. The sensitivity matrix,H,
can then be estimated using the inverse of variation normalised by y^,
H ¼ diagðy^ÞT S1 diagðy^Þ; ð9Þ
where diag indicates a diagonal matrix with diagonal elements as y^. The sensitivity matrix is an
indicator of how much and along which dimension we can perturb a parameter vector without
signiﬁcantly affecting posterior probability. Sensitivity for a particular parameter dimension,
Hyi , for instance for CPP or Tcrt, is deﬁned as the i
th diagonal element ofH, i.e.Hii.
In Fig 4, we present parameter sensitivities estimated for the posterior mode Θ1 (see S5 Fig
for the other modes). We found that model performance is sensitive predominantly to the set
of parameters controlling fecundity. Sensitivity to the parameters controlling development
time, including time to first blood meal, is higher than most of the parameters associated with
survival. The dynamics is also highly sensitive to Tcrt and CPP. On the other hand, the dynam-
ics is relatively robust to the initial number of diapausing eggs and to αp0.2, which dictates the
extend of cold resistance in diapausing eggs. We also note that parameters controlling carrying
capacity tend to have relatively low sensitivities.
Parameter sensitivity analysis is indicative of the degree of support each parameter—and
associated process—receives with regards to the prior and surveillance data. In addition, we
examined the differences between prior and posterior distributions. Since the posterior
Fig 3. Performance evaluation against the surveillance data from Emilia-Romagna. Blue diamonds represent average egg counts per ovitrap, and
vertical error bars represent the standard error of the mean. They are positioned at the dates of data collection along the horizontal axis. Blue bars in the
background indicate the number of ovitraps covering a period of two weeks prior to each collection. Solid black lines showmodel output using the parameters
fromΘ1 (see text). Red shades represent the 95% confidence interval.
doi:10.1371/journal.pone.0149282.g003
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distribution is informed by field observations, any deviation from the prior demonstrates the
permissive values and restrictions required for matching the observations.
One of the main differences for Θ1 is the extent of cold resistance in diapausing eggs. In this
posterior mode, in order to explain the survival of Ae. albopictus populations through harsh
winter conditions, the model necessitates that diapausing eggs be more resistant to negative
temperatures than observed in the laboratory. Although such temperatures are daily averages
represented by environmental grid points, such a requirement implies that diapausing eggs sur-
vive through winter almost unharmed (see Fig 5a and 5c). On the other hand, adults, which are
not as cold resistant as diapausing eggs, do not survive through winter (see Fig 5b and 5d).
The case for Θ2 and Θ3 is the opposite, for which cold resistance is required not for dia-
pausing eggs but for adults (see S6 Fig). With these modes, the model predicts that cold resis-
tant adults help to carry Ae. albopictus populations from one mosquito season to another.
While they survive through winter, they are in a low-activity state: they do not take blood
meals or lay eggs (see S7 Fig). In this case, populations continue laying diapausing eggs, how-
ever, a large fraction is lost through winter (see S8 Fig). However, since Θ2 and Θ3 have lower
probabilities (Fig 3) and weaker association with data (Table 1) compared toΘ1, it is less likely
to have cold resistant adults for winter survival.
Next, we investigated the different mechanisms for the regulation of diapause proposed by
each posterior mode. The thresholds of photoperiod (CPP) and temperature (Tcrt) for entry
into and exit from diapause can be seen in Table 2. These thresholds, when applied to the
gridded environmental datasets, yield diapausing from early October to early March with Θ1
and Θ2. For Θ3, the period is longer, from late August to late April. According to the reports of
Lacour and coworkers, egg diapause in Nice takes place from late September to early March
[43, 81], which agrees well with the predictions ofΘ1 and Θ2.
As described in the Methods, the duration of simulation extends over six years on 23 grid
points, which covers the area of surveillance in the seven provinces of Emilia-Romagna. A
closer look at the initiation and termination of diapause during this period reveals that exit
from diapause is determined by an increase in day length regardless of which posterior mode is
chosen (see Table 3). In all cases, at the times when photoperiod exceeds the CPP, Tcrt has
already been exceded. On the other hand, diapause initiation is mostly controlled by a decline
in air temperature rather than photoperiod for Θ1. In more than 75% of the cases, day length is
already shorter than the CPP when temperature drops below Tcrt. For Θ2, initiation is con-
trolled only by photoperiod as in the case of termination. For Θ3, initiation is controlled either
by photoperiod or temperature in about 40% of the cases. In about 15–20% of the cases, for Θ1
Fig 4. Sensitivity analysis forΘ1. The bar chart displays the logarithm of sensitivity,Hy, along the set of parameter dimensions included in the inference.
doi:10.1371/journal.pone.0149282.g004
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Fig 5. Cold resistance for adults and diapausing eggs withΘ1. Prior (blue) and posterior (red) distributions of diapausing eggs (a) and adult females (b)
are shown with data from literature (numbered circles). The prior distribution is represented by a solid line (mean) and a shaded region (95% confidence
interval). The posterior distribution is represented by 100 samples drawn from the posterior modeΘ1. Daily average diapausing eggs (c) and adult females
(d) per ovitrap are simulated withΘ1. The solid line represents the mean and the red shade represents the 95% confidence interval. (a) 1: [52], (b) 1: [71], 2:
[72], 3: [58], 4: [46], 5: [73], 6: [74], 7: [75], 8: [76], 9: [77], 10: [78], 11: [79], 12: [80].
doi:10.1371/journal.pone.0149282.g005
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and Θ3, both photoperiod and temperature exceed their respective thresholds at the same time
triggering diapause initiation.
One of the common characteristics of the three posterior modes is high sensitivity to the
development times of the immature stages (S6 Fig). Despite high sensitivity, largest deviations
from prior expectation are observed in development especially for Θ1. Overall, development
times for immature stages are higher than expected and they tend to increase with
temperature.
Although this may indicate a discrepancy between laboratory and field populations, one
must be cautious with interpreting such differences in strict biological context. Since a grid
point represents an average over the region it covers, a certain degree of association can be
expected between this average and the breeding sites in the region represented by the point.
However, direct biological interpretation would be meaningful only if there is a strong corre-
spondence. This is unlikely at large scales with various landscapes and microhabitats.
We argue that the average daily temperature data is also a substantial contributor to the
observed differences. It is well-known that the activity of adult Ae. albopictus peaks at dusk and
dawn [20], which suggests that different life stages might be affected by environmental condi-
tions at different times during the diel cycle. Although this is not captured when dealing with
daily averages, the deviations from the prior seen in the posterior modes indicate the adapta-
tions required to match the observations using the available environmental datasets.
In addition to temperature, rainfall is expected to have an effect on vector populations caus-
ing the expansion of possible breeding sites [15]. Θ1 predicts a highly volatile carrying capacity
meaning that the inferred value of αevap is too low to maintainK for long periods—breeding
sites lose most of their capacity in a few days. Since the surveillance mainly focused on urban-
ised areas [64], Θ1 suggests that carrying capacity is highly dependent on short-term rainfall
activities even in urbanised areas (see S9 Fig). On the other hand, Θ2 and Θ3 predict a higher
αevap, lower volatility, allowing longer-term retention of carrying capacity. This renders the
capacity less dependent on sort-term variations in rainfall; however, higher αevap results in
higher variability inK.
Alternative models of breeding sites have been widely used [30, 43, 49, 50]; however, to the
best of our knowledge, none of the previous studies considered the possible effects of both
human populations and rainfall in their models. Also, none of the models, including the one
presented here, can be calibrated against relevant observations since detailed information on
breeding sites is not recorded in surveillance studies. Since there is a strong dependency of
Table 2. Photoperiod (CPP) and temperature (Tcrt) thresholds for each posterior mode.
Thresholds Θ1 Θ2 Θ3
Photoperiod (hours) 11.60 ± 0.05 11.20 ± 0.02 13.56 ± 0.07
Temperature (°C) 17.40 ± 0.02 28.29 ± 0.01 24.92 ± 0.02
doi:10.1371/journal.pone.0149282.t002
Table 3. Environmental dependency of diapause control as predicted byΘ1,Θ2 andΘ3. The numbers are percentages over all entry or exit events
encountered during the six years of simulation.
Θ1 Θ2 Θ3
Entry Exit Entry Exit Entry Exit
Photoperiod 11.98 100 100 100 38.33 100
Temperature 75.77 0 0 0 43.58 0
Both 12.25 0 0 0 18.09 0
doi:10.1371/journal.pone.0149282.t003
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population dynamics on carrying capacity, more data are needed on breeding sites and their
dependency on human activities and precipitation to develop more accurate models.
We note here that the region of surveillance offers only a limited range of environmental
conditions. This has enabled us to constrain environmental dependency to a moderate degree.
In order to improve the model and its environmental dependency, in addition to the laboratory
data, field observations on populations adapted to different climates and different levels of
urbanisation are required.
Evaluating validity over Europe
In previous sections, we described the development of an environmentally-driven population
dynamics model of Ae. albopictus using gridded environmental datasets. We demonstrated its
applicability over the region of inference, Emilia-Romagna, Italy. Eventually, we aim to be able
to predict environmental suitability for Ae. albopictus populations outside this region and any-
where over the globe. Prompted by the success of the three posterior modes, especially ofΘ1,
here we test model validity over Europe.
Instead of seeking an absolute measure of habitat suitability, we compared relative sizes of
vector populations between Emilia-Romagna and a point of interest. Employing the same
assumptions, the same parameter set—including the initial conditions—we simulated the daily
average number of adult females from 2007 until the end of 2012. For instance, using the
model with Θ1, we predicted that on average there was about 1 adult female Ae. albopictus per
ovitrap per day in Bologna. For Parma, the predicted average was about half of this (0.437
adult females per ovitrap per day).
We defined the reference suitability index (RSI) as the minimum of the set of daily average
adult female counts within the surveillance region. Evidently, even at the province with the
minimum vector population size, the environmental conditions were suitable to promote vec-
tor establishment. We argue that comparing predicted population sizes with this index will
inform about the relative population size and the suitability of environmental conditions under
the same assumptions as for the surveillance region.
We found that, the RSI predicted with Θ1 was 0.437, while for Θ2 and Θ3, it was 0.811 and
0.456, respectively. With Θ1 and Θ3, the minimum population size was predicted for Parma,
and with Θ2 for Piacenza. We found that the model predicts higher vector counts overall when
simulated with Θ2.
Based on the RSI, we defined the habitat suitability index (HSI) as the ratio of a predicted
population size to RSI. If the HSI is larger than 1 for a given grid point, a higher population size
and, therefore, a higher environmental suitability should be expected for the region. If the HSI
is lower than 1, this indicates a lower environmental suitability; however, the region may still
be able to support the establishment of Ae. albopictus populations. For practical reasons, in this
context, we defined an arbitrary HSI threshold of 1/16 below which we consider a region
unsuitable for Ae. albopictus populations.
In Fig 6, we present the HSI derived withΘ1 for all the grid points in the environmental data-
sets (sec. Environmental data). Habitat suitability derived with the other posterior modes can be
seen in S10 Fig. Overall, the model withΘ1 gives emphasis to the suitability of the Mediterranean
coastline, and assigns high suitabilities for France, Belgium and the UK as the northernmost ter-
ritories. We observed that suitability predicted withΘ1 was similar to the predictions reported in
Benedict et al. 2007 [82], Fisher et al. 2011 [83] and Proestos et al. 2015 [28].
Various methodologies were involved in many studies aiming for predicting environmental
suitability for Ae. albopictus populations. An elaborate comparison with previous predictions is
the subject of future research; however, despite being qualitative, the similarity observed is
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reassuring in the sense that the model with Θ1 adheres to the statistical inferences previously
drawn from large-scale studies.
In order to evaluate predictions with different posterior modes, we employed the most
recent surveillance reports of the VBORNET [84]. The data from the July 2015 release were
available to us at the NUTS3 resolution. To enable direct comparison we extracted geolocations
of the European NUTS3 territories from the GISCO NUTS 2010 dataset (GISCO-Eurostat,
European Commission), and grouped environmental grid points for each geolocation. We
assumed that the largest HSI is the most representative of each group.
We note that Ae. albopictus has been constantly expanding its range in Europe to date [84].
While the reports represent a snapshot in time, the spread of the vector is a dynamic process
leaving a wide window of uncertainty over the territories where it is currently absent. It is likely
that certain territories, where the vector is currently absent, might be suitable for establishment,
and will host Ae. albopictus populations in the near future. Therefore, we focused explicitly on
the regions with already established vector populations, and asserted that the model predicts
high suitability for a large fraction of these regions.
As seen in Table 4, the model with Θ1 successfully assigns about 90% (247 out of 272) of all
vector-established territories a high suitability index, i.e. HSI1. Only 1 of these territories was
deemed unsuitable (labelled as trace). This is a small mountainous province, named Sondrio
(ITC44), located at the northern border of Italy. We argue that the environmental datasets
Fig 6. Habitat suitability indices (HSI) for Europe withΘ1. The indices are shown for the available grid points of the environmental datasets as described
in the text. Each value indicates the expected fold change compared to the reference index (RSI) obtained over Emilia-Romagna.
doi:10.1371/journal.pone.0149282.g006
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might not be at a sufficient resolution suitable for this region. On the other hand, both the hab-
itat suitability plots (Fig 6) and evaluation with the VBORNET reports (Table 4), indicate that
Θ2 and Θ3 do not capture the presence of the vector in Europe as well as Θ1 does.
Since the model is calibrated with the data from Italy, the habitat suitability maps show possi-
ble range expansion specifically for the Italian Ae. albopictus population. In order to improve the
accuracy of environmental dependence, surveillance data from different habitats with varying cli-
mates and degrees of urbanisation should be combined. Data from stable vector populations are
ideal for this purpose. For instance, we expect the vector distribution in Asia to have reached cli-
matic limits and be adapted to local climate conditions. With such data, environmental condi-
tions limiting vector establishment can be defined clearly without the interference of range
expansion. Unfortunately, we do not have presence or absence data at the present time from such
stable populations; however, we aim to perform this analysis when such data become available.
Conclusion
Major health concerns have emerged in recent years as Ae. albopictus populations are rapidly
expanding their range towards temperate climates in Europe and America. Understanding the
environmental dependence of the vector is key to the understanding of the limits of this expan-
sion. In addition, availability of a valid population dynamics model enables more accurate pro-
jections of future Ae. albopictus populations, and also helps to identify voids in our
understanding of key biological processes.
We studied the environmental dependence of Ae. albopictus population dynamics by devel-
oping a mathematical model. The model incorporates temperature, precipitation, human pop-
ulation density and photoperiod as the main environmental drivers. We performed Bayesian
inference on all model parameters accounting for laboratory observations from the literature
and vector surveillance data from Emilia-Romagna, Italy. With the inference, we ensured opti-
mum adherence to empirical biological constraints while linking the dynamics to globally
available gridded environmental datasets.
As a result, we found that the model demonstrates high predictive skill over the region of
inference and beyond, confirming most of the current reports of vector presence in Europe.
We identified a set of best and alternative explanations in terms of different parameter configu-
rations, and examined various aspects of environmental dependence. We examined the mecha-
nism of diapause and inferred that exit from and entry into diapause are differentially
controlled with temperature and photoperiod. Although not having incorporated explicit
instructions for the dates of diapause initiation and termination, the inference arrived at close
approximations to the observations from the literature. The model indicates that diapausing
eggs are considered more resistant to negative temperatures when using gridded environmental
variables compared to laboratory conditions. Under such conditions, only diapausing eggs are
predicted to survive through winter and carry the vector population to the next suitable season.
Despite the remarkable performance of the model, the possibility of a better posterior mode
cannot be discarded completely. In order to perform better inferences and to capture various
Table 4. Validity of the habitat suitability analysis with respect to the surveillance reports of
VBORNET.
% Trace 1/16 1/8 1/4 1/2  1
Θ1 0.4 0 0.7 5.1 2.9 90.8
Θ2 12.5 0 1.1 0.4 4 82
Θ3 4.8 3.7 3.7 2.2 11.4 74.3
doi:10.1371/journal.pone.0149282.t004
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aspects of environmental dependence, the observational datasets must be expanded. Most
importantly, the surveillance period may be extended a few weeks before and after the mos-
quito high-season, and a combination of ovitrap and adult mosquito traps may be employed in
surveillance. Annual profiles of adult vectors might help to discriminate between alternative
explanations and to draw better inferences on the environmental dependence of diapause. In
addition to observing different life stages, surveillance data from a broad range of Ae. albopictus
populations with known adaptation to different levels of urbanisation and dependence to rain-
fall and photoperiod would help improve the accuracy and applicability of the model. We
believe that the Bayesian approach and the procedure of model construction introduced in this
manuscript are highly advantageous and immediately applicable given the availability of such
data.
Supporting Information
S1 File. The albopictus package for Python (v2.7) implementing the model and the user
interface.
(GZ)
S1 Text. Derivation of the scaled carrying capacity.
(PDF)
S2 Text. Instructions for installing and using the albopictus package.
(TXT)
S1 Table. Model parameters with functional forms of environmental dependence and prior
distributions.Median, blue line, and 95% confidence range, blue shade, of prior distributions
are also plotted to aid in visualisation.
(PDF)
S1 Fig. Temperature- and density-dependent development of the immature stages. The
blue surface indicates the expected duration of larva and pupa, (d2+d3)d23, with respect to
water temperature, Tw, and density of the immature stages, μ. Observed duration of the imma-
ture stages are given as white circles and the difference between observed and expected values
are marked with horizontal red lines. 1: Gavotte et al. 2009, 3: Delatte et al. 2009, 4: Liu 1965, 5:
Halcrow 1955, 6: Udaka 1959 (see S1 Table for the references).
(PDF)
S2 Fig. Decision making for the diapausing behaviour. The diagram outlines the algorithm
with which the indicator functions, I fav and I unfav, determine suitable conditions for diapaus-
ing and egg hatching with respect to temperature and photoperiod.
(PDF)
S3 Fig. Grid points of the higher-resolution datasets used for parameter inference.
(PDF)
S4 Fig. Evaluating model performance over Emilia-Romagna withΘ1,Θ2 andΘ3.
(PDF)
S5 Fig. Sensitivity analysis forΘ1,Θ2 andΘ3.
(PDF)
S6 Fig. Comparison of prior and posterior distributionsΘ1,Θ2 andΘ3. The prior distribu-
tion is represented by a solid line (mean) and a shaded region (95% confidence interval). The
posterior distribution is represented by 100 samples drawn from each posterior mode. Data
AMathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 22 / 28
from literature are plotted as numbered circles (see S1 Table for the references). Figures are
grouped in three columns, one for each posterior mode, Θ1, Θ2 and Θ3.
(PDF)
S7 Fig. Simulated number of adult females per ovitrap. Solid black line shows the mean
while red shade indicates the 95% confidence interval. Figures are grouped in three columns,
one for each posterior mode,Θ1, Θ2 and Θ3.
(PDF)
S8 Fig. Simulated number of diapausing eggs per ovitrap. Solid black line shows the mean
while red shade indicates the 95% confidence interval. Figures are grouped in three columns,
one for each posterior mode,Θ1, Θ2 and Θ3.
(PDF)
S9 Fig. Simulated scaled carrying capacity, K, per ovitrap. Solid black line shows the mean
while red shade indicates the 95% conﬁdence interval. Figures are grouped in three columns,
one for each posterior mode,Θ1, Θ2 and Θ3.
(PDF)
S10 Fig. Habitat suitability indices (HSI) for Europe withΘ1,Θ2 andΘ3.
(PDF)
Acknowledgments
The surveillance data were kindly provided by the Public Health Service, Emilia-Romagna
Region. We also thank Romeo Bellini for his valuable comments on the manuscript. We
acknowledge the E-OBS dataset from the EU-FP6 project ENSEMBLES (http://ensembles-eu.
metoffice.com) and the data providers in the ECA&D project (http://www.ecad.eu). We owe
special thanks to Veerle Versteirt for sharing the ECDC/VBORNET surveillance data at the
NUTS3 level of resolution. Many thanks to the data providers in this project. We acknowledge
the Cy-Tera Project (NEW INFRASTRUCTURE/STRATEGIC/0308/31), which is co-funded
by the European Regional Development Fund and the Republic of Cyprus through the
Research Promotion Foundation, for providing the computational resources used in this
research. Many thanks to Tommy Allieri for discussions on the model, to Nastassya L. Chandra
for discussions on the parameters of population dynamics, and to Panos Hadjinicolaou for his
help with regional and global maps. We thank Luciano Andrade Moreira and the referees for
their helpful comments and suggestions on the manuscript. This work was co-funded by the
European Regional Development Fund and the Republic of Cyprus through the Research Pro-
motion Foundation (Project greek UΓEIA/ΔUΓEIA/0311(BIE)/13). The research leading to
these results has received funding from the European Research Council under the European
Union’s Seventh Framework Programme (FP7/2007–2013)/ERC grant agreement number
226144. PEP would like to thank the University of Liverpool for financial support throughout
this research. GKC would like to acknowledge funding by Imperial College London through
the Wellcome Trust Institutional Strategic Support Fund for a Sabbatical at the Cyprus Insti-
tute. The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript.
Author Contributions
Conceived and designed the experiments: KE. Performed the experiments: KE. Analyzed the
data: KE JW GKC JL PEP. Contributed reagents/materials/analysis tools: SESU JW YP. Wrote
the paper: KE SESU JW YP GKC JL PEP.
AMathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 23 / 28
References
1. Gratz NG. Critical review of the vector status of Aedes albopictus. Medical and Veterinary Entomology.
2004; 18(3):215–227. doi: 10.1111/j.0269-283X.2004.00513.x PMID: 15347388
2. Estrada-Franco JG, Craig GB. Biology, disease relationships, and control of Aedes albopictus. In:
Tech. Rep. Pan American Health Organization. Pan American Health Organization; 1995.
3. Fontenille D, Failloux AB, Romi R. Should we expect Chikungunya and Dengue in Southern Europe?
In: TakkenW, Knols BGJ, editors. Emerging Pests and Vector-borne Diseases in Europe. Wageningen
Academic Pub; 2007. p. 169–184.
4. Benedict MQ, Levine RS, HawleyWA, Lounibos LP. Spread of The Tiger: Global Risk of Invasion by
The Mosquito Aedes albopictus. Vector-Borne and Zoonotic Diseases. 2007; 7(1):76–85. doi: 10.1089/
vbz.2006.0562 PMID: 17417960
5. Lounibos LP, O’meara GF, Escher RL, Nishimura N, Cutwa M, Nelson T, et al. Testing predictions of
displacement of native Aedes by the invasive Asian tiger mosquito Aedes albopictus in Florida, USA.
Biological Invasions. 2001; 3(2):151–166. doi: 10.1023/A:1014519919099
6. Juliano SA, Lounibos LP, O’Meara GF. A field test for competitive effects of Aedes albopictus on A.
aegypti in South Florida: differences between sites of coexistence and exclusion? Oecologia. 2004;
139(4):583–593. doi: 10.1007/s00442-004-1532-4 PMID: 15024640
7. Hobbs JH, Hughes EA, Eichold n B H. Replacement of Aedes aegypti by Aedes albopictus in Mobile,
Alabama. Journal of the American Mosquito Control Association. 1991; 7(3):488–489. PMID: 1791461
8. O’Meara GF, Evans LF, Gettman AD, Cuda JP. Spread of Aedes albopictus and Decline of Ae. aegypti
(Diptera: Culicidae) in Florida. Journal of Medical Entomology. 1995; 32(4):554–562. doi: 10.1093/
jmedent/32.4.554 PMID: 7650719
9. Simard F, Nchoutpouen E, Toto JC, Fontenille D. Geographic Distribution and Breeding Site Prefer-
ence of Aedes albopictus and Aedes aegypti (Diptera: Culicidae) in Cameroon, Central Africa. Journal
of Medical Entomology. 2005; 42(5):726–731. PMID: 16363155
10. Tandon N, Ray S. Host Feeding Pattern of Aedes aegypti and Aedes albopictus in Kolkata India. Den-
gue Bulletin. 2000; 24:117–120.
11. Richards SL, Ponnusamy L, Unnasch TR, Hassan HK, Apperson CS. Host-feeding patterns of Aedes
albopictus (Diptera: Culicidae) in relation to availability of human and domestic animals in suburban
landscapes of central North Carolina. Journal of medical entomology. 2006; 43(3):543. PMID:
16739414
12. Delatte H, Desvars A, Bouétard A, Bord S, Gimonneau G, Vourc’h G, et al. Blood-feeding behavior of
Aedes albopictus, a vector of Chikungunya on La Réunion. Vector Borne Zoonotic Dis. 2010 Apr; 10
(3):249–58. Available from: http://online.liebertpub.com/doi/abs/10.1089/vbz.2009.0026. doi: 10.1089/
vbz.2009.0026 PMID: 19589060
13. Kamgang B, Nchoutpouen E, Simard F, Paupy C. Notes on the blood-feeding behavior of Aedes albo-
pictus (Diptera: Culicidae) in Cameroon. Parasit Vectors. 2012 Jan; 5:57. Available from: http://www.
parasitesandvectors.com/content/5/1/57. doi: 10.1186/1756-3305-5-57 PMID: 22433236
14. Paupy C, Delatte H, Bagny L, Corbel V, Fontenille D. Aedes albopictus, an arbovirus vector: from the
darkness to the light. Microbes Infect. 2009 Dec; 11(14–15):1177–85. doi: 10.1016/j.micinf.2009.05.
005 PMID: 19450706
15. Waldock J, Chandra NL, Lelieveld J, Proestos Y, Michael E, Christophides G, et al. The role of environ-
mental variables on Aedes albopictus biology and chikungunya epidemiology. Pathogens and Global
Health. 2013 Jun; p. 1–19.
16. Pialoux G, Gaüzère BA, Jauréguiberry S, Strobel M. Chikungunya, an epidemic arbovirosis. The Lan-
cet Infectious Diseases. 2007; 7(5):319–327. doi: 10.1016/S1473-3099(07)70107-X PMID: 17448935
17. Adhami J, Reiter P. Introduction and establishment of Aedes (Stegomyia) albopictus skuse (Diptera:
Culicidae) in Albania. Journal of the American Mosquito Control Association. 1998; 14(3):340–343.
PMID: 9813831
18. Rezza G, Nicoletti L, Angelini R, Romi R, Finarelli AC, Panning M, et al. Infection with chikungunya
virus in Italy: an outbreak in a temperate region. The Lancet. 2007; 370(9602):1840–1846. doi: 10.
1016/S0140-6736(07)61779-6
19. Watson R. Europe witnesses first local transmission of chikungunya fever in Italy. BMJ. 2007;
335:532–3. PMID: 17855300
20. HawleyWA. The biology of Aedes albopictus. Journal of the American Mosquito Control Association
Supplement. 1988; 1:1. PMID: 3068349
21. Scholte EJ, Dijkstra E, Blok H, Vries AD, TakkenW, Hofhuis A, et al. Accidental importation of the mos-
quito Aedes albopictus into the Netherlands: a survey of mosquito distribution and the presence of
A Mathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 24 / 28
dengue virus. Med Vet Entomol. 2008 Dec; 22(4):352–8. Available from: http://onlinelibrary.wiley.com/
doi/10.1111/j.1365-2915.2008.00763.x/abstract;jsessionid=
635414E54B8CF76E78939AFA8B6195A6.f01t03. doi: 10.1111/j.1365-2915.2008.00763.x PMID:
19120963
22. Reynolds JA, Poelchau MF, Rahman Z, Armbruster PA, Denlinger DL. Transcript profiling reveals
mechanisms for lipid conservation during diapause in the mosquito, Aedes albopictus. Journal of Insect
Physiology. 2012;.
23. Sota T, Mogi M. Interspecific variation in desiccation survival time of Aedes (Stegomyia) mosquito eggs
is correlated with habitat and egg size. Oecologia. 1992; 90(3):353–358. doi: 10.1007/BF00317691
24. Lacour G, Vernichon F, Cadilhac N, Boyer S, Lagneau C, Hance T. When mothers anticipate: effects of
the prediapause stage on embryo development time and of maternal photoperiod on eggs of a temper-
ate and a tropical strains of Aedes albopictus (Diptera: Culicidae). JOURNAL OF INSECT PHYSIOL-
OGY. 2014 Dec; 71:87–96. PMID: 25450563
25. Wang RL. Observations on the influence of photoperiod on egg diapause in Aedes albopictus Skuse.
Acta Entomologica Sinica. 1966; 15:75–77.
26. Mori A, Oda T, Wada Y. Studies on the egg diapause and overwintering of Aedes albopictus in Naga-
saki. Tropical Medicine. 1981; 23:79–90.
27. Hanson SM, Craig GB. Cold Acclimation, Diapause, and Geographic Origin Affect Cold Hardiness in
Eggs of Aedes albopictus (Diptera: Culicidae). Journal of Medical Entomology. 1994; 31(2):192–201.
doi: 10.1093/jmedent/31.2.192 PMID: 8189409
28. Proestos Y, Christophides GK, Ergüler K, Tanarhte M, Waldock J, Lelieveld J. Present and future pro-
jections of habitat suitability of the Asian tiger mosquito, a vector of viral pathogens, from global climate
simulation. Philos Trans R Soc Lond B Biol Sci. 2015 Apr; 370 (1665). doi: 10.1098/rstb.2013.0554
29. Lunde TM, Bayoh MN, Lindtjørn B. Howmalaria models relate temperature to malaria transmission.
Parasit Vectors. 2013 Jan; 6:20. Available from: http://www.parasitesandvectors.com/content/6/1/20.
doi: 10.1186/1756-3305-6-20 PMID: 23332015
30. Lunde TM, Korecha D, Loha E, Sorteberg A, Lindtjørn B. A dynamic model of somemalaria-transmitting
anopheline mosquitoes of the Afrotropical region. I. Model description and sensitivity analysis. Malaria
Journal. 2013 Jan; 12:28. doi: 10.1186/1475-2875-12-28 PMID: 23342980
31. Focks DA, Haile DG, Daniels E, Mount GA. Dynamic Life Table Model for Aedes aegypti (Diptera: Culi-
cidae): Analysis of the Literature and Model Development. Journal of Medical Entomology. 1993; 30
(6):1003–1017. doi: 10.1093/jmedent/30.6.1018 PMID: 8271242
32. Xu C, Legros M, Gould F, Lloyd AL. Understanding Uncertainties in Model-Based Predictions of Aedes
aegypti Population Dynamics. PLoS Neglected Tropical Diseases. 2010; 4(9):e830. doi: 10.1371/
journal.pntd.0000830 PMID: 20927187
33. Otero M, Solari HG. Stochastic eco-epidemiological model of dengue disease transmission by Aedes
aegypti mosquito. Mathematical biosciences. 2010; 223(1):32–46. doi: 10.1016/j.mbs.2009.10.005
PMID: 19861133
34. Almeida SJ, Martins Ferreira RP, Eiras AE, Obermayr RP, Geier M. Multi-agent modeling and simula-
tion of an Aedes aegypti mosquito population. Environmental Modelling & Software. 2010; 25
(12):1490–1507. doi: 10.1016/j.envsoft.2010.04.021
35. Dumont Y, Chiroleu F, Domerg C. On a temporal model for the Chikungunya disease: modeling, theory
and numerics. Mathematical biosciences. 2008 May; 213(1):80–91. doi: 10.1016/j.mbs.2008.02.008
PMID: 18394655
36. Moulay D, Aziz-Alaoui MA, Cadivel M. The chikungunya disease: modeling, vector and transmission
global dynamics. Mathematical biosciences. 2011 Jan; 229(1):50–63. Available from: http://www.
sciencedirect.com/science/article/pii/S0025556410001641. doi: 10.1016/j.mbs.2010.10.008 PMID:
21070789
37. Moulay D, Aziz-Alaoui MA, Kwon HD. Optimal control of chikungunya disease: larvae reduction, treat-
ment and prevention. MBE. 2012 Apr; 9(2):369–92. doi: 10.3934/mbe.2012.9.369 PMID: 22901069
38. Dumont Y, Tchuenche JM. Mathematical studies on the sterile insect technique for the Chikungunya
disease and Aedes albopictus. J Math Biol. 2012 Nov; 65(5):809–54. doi: 10.1007/s00285-011-0477-6
PMID: 22038083
39. Moulay D, Pigné Y. A metapopulation model for chikungunya including populations mobility on a large-
scale network. Journal of Theoretical Biology. 2013 Feb; 318:129–39. doi: 10.1016/j.jtbi.2012.11.008
PMID: 23154189
40. Manore CA, Hickmann KS, Xu S, Wearing HJ, Hyman JM. Comparing dengue and chikungunya emer-
gence and endemic transmission in A. aegypti and A. albopictus. Journal of Theoretical Biology. 2014
Sep; 356:174–91. doi: 10.1016/j.jtbi.2014.04.033 PMID: 24801860
AMathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 25 / 28
41. Erickson RA, Presley SM, Allen LJS, Long KR, Cox SB. A stage-structured, Aedes albopictus popula-
tion model. Ecological Modelling. 2010 May; 221(9):1273–1282. Available from: http://dx.doi.org/10.
1016/j.ecolmodel.2010.01.018. doi: 10.1016/j.ecolmodel.2010.01.018
42. Erickson RA, Presley SM, Allen LJS, Long KR, Cox SB. A dengue model with a dynamic Aedes albo-
pictus vector population. Ecological Modelling. 2010 Dec; 221(24):2899–2908. Available from: http://
dx.doi.org/10.1016/j.ecolmodel.2010.08.036. doi: 10.1016/j.ecolmodel.2010.08.036
43. Tran A, L’ambert G, Lacour G, Benoît R, Demarchi M, Cros M, et al. A rainfall- and temperature-driven
abundance model for Aedes albopictus populations. IJERPH. 2013 May; 10(5):1698–719. Available
from: http://www.mdpi.com/1660-4601/10/5/1698. doi: 10.3390/ijerph10051698 PMID: 23624579
44. Carrieri M, Albieri A, Angelini P, Baldacchini F, Venturelli C, Zeo SM, et al. Surveillance of the chikungu-
nya vector Aedes albopictus (Skuse) in Emilia-Romagna (northern Italy): organizational and technical
aspects of a large scale monitoring system. J Vector Ecol. 2011 Jun; 36(1):108–16. doi: 10.1111/j.
1948-7134.2011.00147.x PMID: 21635648
45. Nawrocki S, HawleyW, et al. Estimation of the northern limits of distribution of Aedes albopictus in
North America. Journal of the American Mosquito Control Association. 1987; 3(2):314–317. PMID:
3504917
46. Delatte H, Gimonneau G, Triboire A, Fontenille D. Influence of Temperature on Immature Development,
Survival, Longevity, Fecundity, and Gonotrophic Cycles of Aedes albopictus, Vector of Chikungunya
and Dengue in the Indian Ocean. Journal of Medical Entomology. 2009; 46(1):33–41. doi: 10.1603/033.
046.0105 PMID: 19198515
47. Huang J, Walker ED, Vulule J, Miller JR. Daily temperature profiles in and aroundWestern Kenyan lar-
val habitats of Anopheles gambiae as related to egg mortality. Malaria Journal. 2006 Jan; 5:87. doi: 10.
1186/1475-2875-5-87 PMID: 17038186
48. Paaijmans KP, Jacobs AFG, TakkenW, Heusinkveld BG, Githeko AK, Dicke M, et al. Observations
and model estimates of diurnal water temperature dynamics in mosquito breeding sites in western
Kenya. Hydrological Processes. 2008; 22(24):4789–4801. doi: 10.1002/hyp.7099
49. Parham PE, Pople D, Christiansen-Jucht C, Lindsay S, HinsleyW, Michael E. Modeling the role of envi-
ronmental variables on the population dynamics of the malaria vector Anopheles gambiae sensu
stricto. Malaria Journal. 2012 Jan; 11:271. Available from: http://www.malariajournal.com/content/11/1/
271. doi: 10.1186/1475-2875-11-271 PMID: 22877154
50. White MT, Griffin JT, Churcher TS, Ferguson NM, Basáñez MG, Ghani AC. Modelling the impact of vec-
tor control interventions on Anopheles gambiae population dynamics. Parasit Vectors. 2011 Jan;
4:153. Available from: http://www.parasitesandvectors.com/content/4/1/153. doi: 10.1186/1756-3305-
4-153 PMID: 21798055
51. Christiansen-Jucht C, Erguler K, Shek CY, Basáñez MG, Parham PE. Modelling Anopheles gambiae s.
s. Population Dynamics with Temperature- and Age-Dependent Survival. IJERPH. 2015 Jan; 12
(6):5975–6005. doi: 10.3390/ijerph120605975 PMID: 26030468
52. Thomas SM, Obermayr U, Fischer D, Kreyling J, Beierkuhnlein C. Low-temperature threshold for egg
survival of a post-diapause and non-diapause European aedine strain, Aedes albopictus (Diptera: Culi-
cidae). Parasit Vectors. 2012 Jan; 5:100. doi: 10.1186/1756-3305-5-100 PMID: 22621367
53. Mori A, Oda T, Wada Y. Studies on the Egg Diapause and Overwintering of Aedes albopictus in Naga-
saki. Tropical Medicine. 1981 Aug; 23(2):79–90. Available from: http://hdl.handle.net/10069/4301.
54. Wang RI. Observation on the influence of photoperiod on egg diapause in Aedes albopictus Skuse.
Acta Entomologica Sinica. 1966;.
55. Imai C, Maeda O. Several factors effecting on hatching of Aedes albopictus eggs. Japanese Journal of
Sanitary Zoology. 1976;.
56. Urbanski J, Mogi M, O’Donnell D, DeCotiis M, Toma T, Armbruster P. Rapid adaptive evolution of pho-
toperiodic response during invasion and range expansion across a climatic gradient. Am Nat. 2012
Apr; 179(4):490–500. Available from: http://www.jstor.org/discover/10.1086/664709?uid=
3737848&uid=2&uid=4&sid=21104093353211. doi: 10.1086/664709 PMID: 22437178
57. Teng HJ, Apperson C. Development and survival of immature Aedes albopictus and Aedes triseriatus
(Diptera: Culicidae) in the laboratory: effects of density, food, and competition on response to tempera-
ture. Journal of Medical Entomology. 2000; 37(1):40–52. doi: 10.1603/0022-2585-37.1.40 PMID:
15218906
58. Briegel H, Timmermann SE. Aedes albopictus (Diptera: Culicidae): Physiological Aspects of Develop-
ment and Reproduction. Journal of Medical Entomology. 2001; 38(4):566–571. doi: 10.1603/0022-
2585-38.4.566 PMID: 11476337
59. Braks M, Honório N, Lounibos L, de Oliveira RL, Juliano S. Interspecific competition between two inva-
sive species of container mosquitoes, Aedes aegypti and Aedes albopictus (Diptera: Culicidae), in
A Mathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 26 / 28
Brazil. Annals of the Entomological Society of America. 2004; 97(1):130–139. doi: 10.1603/0013-8746
(2004)097%5B0130:ICBTIS%5D2.0.CO;2
60. Gavotte L, Mercer DR, Vandyke R, Mains JW, Dobson SL. Wolbachia infection and resource competi-
tion effects on immature Aedes albopictus (Diptera: Culicidae). Journal of Medical Entomology. 2009
May; 46(3):451–9. doi: 10.1603/033.046.0306 PMID: 19496412
61. Haylock M, Hofstra N, Tank AK, Klok E, Jones P, NewM. A European daily high-resolution gridded
data set of surface temperature and precipitation for 1950–2006. Journal of Geophysical Research:
Atmospheres (1984–2012). 2008; 113(D20). doi: 10.1029/2008JD010201
62. Gridded Population of theWorld: Future Estimates (GPWFE) Data Collection;. CIESIN, Columbia Uni-
versity. Available from: http://sedac.ciesin.columbia.edu/gpw/index.jsp.
63. NASA [Hall, F.G., Meeson, B., Los, S., Steyart, L., de Colstoun, E., Landis, D., eds.]. International Sat-
ellite Land Surface Climatology Project—Initiative II data collection (ISLSCP Initiative II); 2003, 18 July
2014. Oak Ridge National Laboratory Distributed Active Archive Center (ORNL DAAC). Available from:
http://badc.nerc.ac.uk/view/badc.nerc.ac.uk__ATOM__dataent_11714708332114808.
64. Albieri A, Carrieri M, Angelini P, Baldacchini F, Venturelli C, Zeo S, et al. Quantitative monitoring of
Aedes albopictus in Emilia-Romagna, Northern Italy: cluster investigation and geostatistical analysis.
Bull Insectol. 2010; 63:209–216.
65. Erguler K. hoppMCMC: an adaptive basin-hopping Markov-chain Monte Carlo algorithm for Bayesian
optimisation; 2015. [version 0.2]. Available from: http://pypi.python.org/pypi/hoppMCMC.
66. e Oliveira Junior HA, Ingber L, Petraglia A, Petraglia MR, Machado MAS. Adaptive Simulated Anneal-
ing. Stochastic Global Optimization and Its Applications with Fuzzy Adaptive Simulated Annealing.
2012; 35:33–62. Available from: http://link.springer.com/chapter/10.1007/978-3-642-27479-4_4. doi:
10.1007/978-3-642-27479-4_4
67. Kass R, Raftery A. Bayes Factors. Journal of the American Statistical Association. 1995 Jan; Available
from: http://www.denizyuret.com/ref/kass/bayes-factors.pdf. doi: 10.1080/01621459.1995.10476572
68. Bellini R;. personal communication.
69. Gutenkunst RN, Waterfall JJ, Casey FP, Brown KS, Myers CR, Sethna JP. Universally sloppy parame-
ter sensitivities in systems biology models. PLoS Comput Biol. 2007 Jan; 3(10):e189. Available from:
http://compbiol.plosjournals.org/perlserv/?request=get-document&doi=10.1371/journal.pcbi.0030189.
eor. doi: 10.1371/journal.pcbi.0030189
70. Erguler K, Stumpf MPH. Practical limits for reverse engineering of dynamical systems: a statistical anal-
ysis of sensitivity and parameter inferability in systems biology models. Mol BioSyst. 2011 May; 7
(5):1593–602. Available from: http://pubs.rsc.org/en/Content/ArticleLanding/2011/MB/c0mb00107d.
doi: 10.1039/c0mb00107d PMID: 21380410
71. Alto BW, Juliano SA. Temperature effects on the dynamics of Aedes albopictus (Diptera: Culicidae)
populations in the laboratory. Journal of medical entomology. 2001; 38(4):548. doi: 10.1603/0022-
2585-38.4.548 PMID: 11476335
72. Alto BW, Juliano SA. Precipitation and temperature effects on populations of Aedes albopictus (Diptera:
Culicidae): implications for range expansion. Journal of medical entomology. 2001; 38(5):646. doi: 10.
1603/0022-2585-38.5.646 PMID: 11580037
73. Braks MAH, Juliano SA, Lounibos LP. Superior reproductive success on human blood without sugar is
not limited to highly anthropophilic mosquito species. Medical and veterinary entomology. 2006; 20
(1):53–59. doi: 10.1111/j.1365-2915.2006.00612.x PMID: 16608490
74. Löwenberg Neto P, Navarro-Silva MA. Development, longevity, gonotrophic cycle and oviposition of
Aedes albopictus Skuse (Diptera: Culicidae) under cyclic temperatures. Neotropical Entomology.
2004; 33(1):29–33. doi: 10.1590/S1519-566X2004000100006
75. Muturi EJ, Lampman R, Costanzo K, Alto BW. Effect of Temperature and Insecticide Stress on Life-His-
tory Traits of Culex restuans and Aedes albopictus (Diptera: Culicidae). Journal of Medical Entomology.
2011; 48(2):243–250. doi: 10.1603/ME10017 PMID: 21485359
76. O’Donnell D, Armbruster P. Inbreeding depression affects life-history traits but not infection by Plasmo-
dium gallinaceum in the Asian tiger mosquito, Aedes albopictus. Infection, Genetics and Evolution.
2010; 10(5):669–677. doi: 10.1016/j.meegid.2010.03.011 PMID: 20359551
77. Tsuda Y, Takagi M, Suzuki A, Wada Y. A comparative study on life table characteristics of two strains
of Aedes albopictus from Japan and Thailand. Tropical Medicine. 1994; 36(1).
78. Udaka M. Some ecological notes on Aedes albopictus Skuse in Shikoku, Japan. Japanese journal of
entomology. 1959; 27(3):202–208.
79. Calado DC, Navarro-Silva MA. Influência da temperatura sobre a longevidade, fecundidade e atividade
hematofágica de Aedes (Stegomyia) albopictus Skuse, 1894 (Diptera, Culicidae) sob condições de
laboratório. Rev Bras Entomol. 2002; 46:93–98. doi: 10.1590/S0085-56262002000100011
AMathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 27 / 28
80. Hien DS. Biology of Aedes aegypti (L. 1762) and Aedes albopictus (Skuse, 1895) (Diptera, Culicidae).
II. Effect of certain environmental conditions on the hatching of larvae. Acta Parasitol Pol. 1975;
23:537–552.
81. Lacour G, Marquereau L, Dujardin JP, Benoît R, Chanaud L, Viano M, et al. Winter is Coming: Dia-
pause Phenology, Wing Shape and Size Seasonality of a Temperate Population of Aedes albopictus
(Diptera: Culicidae). Proceedings of the 18th European Society of Vector Ecology Conference, Mont-
pellier, France. 8–11 October 2012;.
82. Benedict MQ, Levine RS, HawleyWA, Lounibos LP. Spread of the tiger: global risk of invasion by the
mosquito Aedes albopictus. Vector Borne Zoonotic Dis. 2007 Apr; 7(1):76–85. doi: 10.1089/vbz.2006.
0562 PMID: 17417960
83. Fischer D, Thomas SM, Niemitz F, Reineking B, Beierkuhnlein C. Projection of climatic suitability for
Aedes albopictus Skuse (Culicidae) in Europe under climate change conditions. Global and Planetary
Change. 2011; Available from: http://www.sciencedirect.com/science/article/pii/S0921818111000798.
84. Network of medical entomologists and public health experts; July 2015. ECDC/VBORNET. Available
from: http://www.ecdc.europa.eu/en/healthtopics/vectors/vector-maps/Pages/VBORNET_maps.aspx.
A Mathematical Model of the Aedes albopictus Population Dynamics
PLOS ONE | DOI:10.1371/journal.pone.0149282 February 12, 2016 28 / 28
